Abstract: North Korea is a food-deficit nation in which climate change could have a significant impact on drought. We analyzed drought characteristics in the Hwanghae Plain, North Korea using both the multiple timescales of the standardized precipitation index (SPI) and the standardized precipitation evapotranspiration index (SPEI) from 1981 to 2100. The probability of non-exceedance for a one-month SPEI below −1.0 was only 1.1% in the spring season of 1995 but increased to 24.4% in 2085. The SPEI for a ten-year return period varied from −0.6 to −0.9 in 1995 and decreased to −1.18 in 2025. The results indicate that severe drought is more likely to occur in future as a result of climate change. The seasonal drought conditions were also significantly influenced by climate change. The largest decrease in the SPEI occurred in late spring and early summer, both of which are important for rice growth. Drought characteristics include severity, duration, and intensity. Therefore, we applied the time series of SPIs and SPEIs to the runs theory and found that the drought intensity identified by one-month SPEIs in 1995 was at a level of 1.21, which reached 1.39 in 2085, implying that climate change will intensify drought in the future.
Introduction
North Korea is vulnerable to drought and famine [1] ; severe droughts in 1999 and 2001 caused serious food shortages [2] . Recently, North Korea experienced the worst spring drought in more than three decades, with some areas experiencing the lowest rainfall levels in over 50 years. In addition, water scarcity due to drought is often accompanied by catastrophic impacts on food security and economic prosperity [3] . Climate change could have a significant impact on drought characteristics, exacerbating food deficiency in North Korea. International aid plays a major role in sustaining the population and alleviating food scarcity caused by severe drought in North Korea; while drought in North Korea is certainly a local issue, it is also regarded as a global problem.
Few studies have been carried out on the impact of climate change on North Korea's droughts because of the lack of available data for North Korea. A few studies have analyzed historical drought conditions in North Korea with limited data; for example, remote sensing images were used to evaluate spring drought [4] , and several drought indices were used to analyze historical characteristics by quantifying the duration and magnitude of drought [5] . In addition, the temporal and spatial distribution of the severity of meteorological drought was analyzed, and a cluster analysis with drought indicators has been used to classify the drought development types in North Korea [6] .
The aim of this study is to use both SPI and SPEI for the period from 2011 to 2100 to evaluate the impact of future climate change on short and medium-term droughts in the Hwanghae Plain, which is a primary source of staple foods in North Korea. Multiple timescale (one, three, and six-month) SPI and SPEI were calculated using downscaled climate data under the representative concentration pathway (RCP) 4.5 scenario. The statistical value and spatial distribution of SPI and SPEI were also analyzed. In addition, the relationship between SPI and SPEI was analyzed using conditional probability. To evaluate the impacts of climate change on drought, we analyzed the severity, duration, and intensity of the time series SPI and SPEI using runs theory. Finally, the frequency of severe drought was analyzed from the non-exceedance probability with the cumulative SPI and SPEI curves.
Materials and Methods

Downscaled Climate Data in Study Area
The Hwanghae Plain is broadly representative of the cultivation areas of North Korea. It has an area of 16,700 km 2 , occupying about 14% of the total area of North Korea. Rice is the most important food crop, and the Jaeryeong Plain, which contains the nation's largest paddy fields, is located within the Hwanghae Plain. Therefore, climate change in this region could result in a collapse of the entire crop supply and consequently cause a severe famine in North Korea. Accordingly, the Hwanghae Plain is the most important area in North Korea for food security. It is located geographically close to the northern part of South Korea with similar climatic conditions; consequently, similar farming methods are applied [4] .
Future climate data was simulated using a general circulation model (GCM) considering representative concentration pathways (RCPs) scenarios, which recently became available to the public. These provide the latest climate change scenarios adopted by the Intergovernmental Panel on Climate Change (IPCC) for its fifth assessment report (AR5) [7] . RCPs consist of four independent pathways: RCP 8.5 (high emissions, equivalent to SRES A1F1 or A2), RCP 6.0 (intermediate emissions, B2), RCP 4.5 (intermediate emissions, B1), and RCP 2.6 (low emissions); the numbers represent the possible range of radiative forcing values (W/m 2 ) in the year 2100 [8] . In particular, RCP 4.5 was developed by the Pacific Northwest National Laboratory in the US. Radiative forcing was stabilized shortly after 2100 in the US, consistent with a future with relatively ambitious reductions in emission. This future is consistent with a lower energy intensity, strong reforestation programs, a decreasing use of croplands and grasslands (due to yield increases and dietary changes), stringent climate policies, stable methane emissions, and a slight increase of CO 2 emissions prior to an expected emission decline around 2040.
To apply a GCM based on global scale data to a regional scale area, a downscaling process is required, because a bias occurs between the two scales. The representative downscaling method is statistical downscaling, which uses different statistical approaches, such as the theoretical probability functions widely used in hydrology or climatology. These include normal, gamma, Weibull, lognormal, and generalized extreme value (GEV) probability functions [9, 10] . However, in this study, we used the downscaled climate data from dynamical downscaling conducted by the National Institute of Meteorological Research (NIMR) at the Korea Meteorological Administration (KMA). Dynamical downscaling uses regional circulation models (RCMs) which transform the output from GCMs into outputs with a finer spatial and temporal resolution. The NIMR at the KMA is jointly participating in the Coupled Model Intercomparison Project phase 5 (CMIP5) [11] with the Met Office Hadley Centre using the Hadley Centre Global Environmental Model version 2 coupled with an atmosphere-ocean configuration (HadGEM2-AO). This GCM processes regional climate models (RCMs) and has a resolution of 12.5 km [12] . Climate change observations using HadGEM2-AO within the CMIP5 framework have played an important role in assessing the influence of future climate changes at the national standard level on the Korean Peninsula, including both South and North Korea.
However, RCMs are known to exhibit systematic biases and only provide rainfall averages for the grid box of a given size [13] . These biases cannot be resolved within the model, and bias corrections are therefore required to obtain reliable results for local scale climates. To process the RCMs from NIMR-KMA, we applied a bias correction, which is a simple method based on removing systematic errors in both the mean and variance of precipitation [14] . It has been used in several hydrological applications for GCM hydrological output, taking into account statistical aspects of the precipitation intensity distribution at a given location [15] . The key advantages of the monthly bias correction approach are the ease and speed of application and direct scaling of the scenario corresponding to changes suggested by the GCM or RCM [16] . In the bias correction process, we used an empirical distribution, because these climate data were already downscaled using the dynamic method; we tried to maintain their characteristics using an empirical distribution rather than theoretical probability functions.
In this study, we estimated a hybrid semi-parametric approach using the empirical distributions of the variables, after adjusting for changes between the location (e.g., mean), scale (e.g., variance), and shape (e.g., skewness) parameters of such distributions. The location parameters can be estimated using the mean or median of the data samples. The corresponding scale parameters can be estimated using the standard deviation or the interquartile range of the data samples [8] using Equation (1),
where X is the variable, µ is the mean (i.e., location parameter), σ is the standard deviation (i.e., scale parameter), 0 is the present-day observed data, m is the modeled data, and is the future-day projected data. The observed climate data for the Hwanghae Plain was obtained from the Korea Meteorological Administration (KMA), who have operated five meteorological stations across the region from 1981 to 2010 as shown on Figure 1 and Table 1 [17] .
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where X is the variable, μ is the mean (i.e., location parameter), σ is the standard deviation (i.e., scale parameter), 0 is the present-day observed data, m is the modeled data, and ′ is the future-day projected data. The observed climate data for the Hwanghae Plain was obtained from the Korea Meteorological Administration (KMA), who have operated five meteorological stations across the region from 1981 to 2010 as shown on Figure 1 and Table 1 [17] . [18] , and changes in precipitation and other climatic variables due to climate change can lead to significant changes in water security worldwide [19] [20] [21] [22] . However, the occurrence of a drought event depends on the spatial and temporal situation, and drought severity is therefore difficult to quantify. Therefore, several studies have developed various drought indices [23] [24] [25] [26] to quantitatively evaluate the severity of drought due to the considerable decrease in water availability from a precipitation deficit [27] [28] [29] .
The standardized precipitation index (SPI) is a representative drought index related to precipitation [24] . SPI fits and transforms medium-term precipitation records into a normal distribution. It can be computed for different timescales, is symmetric for both dry and wet spells, and is related to probability [30] . Therefore, SPIs over multiple timescales can be used to evaluate the impacts of climate change individually on short and medium-term droughts by measuring the cumulative precipitation running over one, three, and six-month periods using a standardized normal distribution [24] . SPI has been used in several studies to evaluate the severity of meteorological drought [18, [31] [32] [33] [34] [35] [36] .
Climate change is related to variables such as temperature, evapotranspiration, wind speed, and soil water holding capacity. The standardized precipitation evapotranspiration index (SPEI) was therefore proposed as an improved drought index, suited to the analysis of the impacts of global warming on drought severity [23, 26] . While SPEI considers the effect of reference evapotranspiration on drought severity, multiple timescales of SPEI can be identified for different drought types. Although SPEI was only recently developed, it has been applied in various studies for analyzing drought variability, severity, and the impacts of climate change on drought condition [23, [37] [38] [39] [40] .
A one-month SPI (or SPEI) is related to the percentage of normal precipitation for a 30-day period, and the SPIs (or SPEIs) are comparable across time and space because the distribution has been normalized. Therefore, its application can be closely related to types of meteorological drought, along with short-term soil moisture and crop stress, especially during the growing season, because the one-month SPI reflects short-term conditions [41] . The one-month SPI (or SPEI) might approximate conditions represented by the crop moisture index, which is part of the Palmer drought severity index (PDSI) suite of indices [41] . The three or six-month SPI (or SPEI) provides a comparison of precipitation over a specific three or six-month period with the precipitation totals from the same three or six-month period for all studied years. A three-month SPI (or SPEI) reflects medium-term moisture conditions and provides a seasonal estimation of precipitation. The six-month SPI indicates seasonal to medium-term trends in precipitation, and is still considered more sensitive to conditions at this scale than the Palmer index [41] .
Calculation of the Standardized Precipitation Index (SPI)
SPI was developed for the purpose of defining and monitoring droughts [24] . It is a simple multi-scale index that is computed as a standardized transform of cumulative precipitation over a given period [42] . It has increasingly been used over the last two decades, due to its solid theoretical development, robustness, and versatility for drought analysis [43] . SPI is based on the conversion of precipitation data into probabilities based on medium-term precipitation records. These medium-term records are fitted to a probability distribution, which is transformed into a normal distribution with an average of 0 and standard deviation of 1 [24, 44] .
The fundamental benefit of using SPI is that it can be calculated over multiple timescales; this is very important because the timescale over which precipitation deficits functionally accumulate divides the types of drought into categories [24] . This versatility in timescale allows SPI to monitor short-term water supplies, such as soil moisture, which is important for agricultural production, and medium-term water resources, such as groundwater supplies, streamflow, and lake and reservoir levels [45] [46] [47] . The National Drought Mitigation Center (NDMC) computes the SPI for multiple timescales (1, 3, 6, 9, and 12 months), but the index is flexible with respect to the selected period [32] .
However, the limitation of SPI is that its calculation is based only on precipitation data. Accordingly, the drought effects from warming predicted in global climate models can be clearly seen in the PDSI, whereas the SPI does not reflect the expected changes in drought conditions [18] . However, the PDSI lacks the multi-scalar characteristics essential for both assessing drought in relation to different hydrological systems and differentiating between different drought types [26] .
Calculation of Standardized Precipitation Evapotranspiration Index (SPEI)
The main criticism of SPI is that it is calculated using only precipitation data, and droughts are assumed to be primarily controlled by the temporal variability in precipitation [26, 45] . Therefore, SPI relies on the assumption that the variability in precipitation is much greater than that of other variables. SPEI is based on the original procedure used to calculate SPI, and it uses the monthly (or weekly) difference (D) between precipitation (P) and potential evapotranspiration (PET). This difference (D) is also the water surplus or deficit for a given month (i), and is calculated using:
SPEI can be obtained as standardized values of the probability distribution function of the monthly difference (D) series. The log-logistic distribution can be applied over multiple timescales, such as at one, three, and six months. Therefore, it is possible to analyze both short and medium-term droughts.
Recently, PET has been calculated using both simple and complex methods [33] , both of which provide similar results when a drought index, such as the PDSI, is calculated [26] . To calculate PET (mm) in this study, a simple approach was applied, which has the advantage of only requiring data on monthly-mean temperature, and is expressed as:
where PET is the potential evapotranspiration, T is the monthly-mean temperature ( • C), and I is the heat index, which is calculated as the sum of 12 monthly index values (i), and i is derived from the mean monthly temperature. K is a correction coefficient, computed as a function of the latitude and month, and m is a coefficient based on the heat index I. NDM is the number of days of the month and N is the maximum number of sun hours. Wet and drought conditions can be classified using the SPI. Table 2 shows the dryness/wetness grade categorized according to SPI; this standardization is a mechanism for applying SPI to determine the rarity of a current drought [24, 26, 48] . An index of (+2) indicates an extremely wet condition; (1.5) Drought characteristics include various drought conditions, such as duration, severity, and intensity [49] . A probabilistic methodology widely-used in drought characterization is the theory of runs proposed in Yevjevich [50] , which estimates the return periods of extreme events [51] . We applied the runs theory to analyze drought characteristics based on the SPI and SPEI. Figure 2 shows drought characteristics using the runs theory for a given threshold level. A run is defined as a portion of time series of a drought variable, in which all values are either below or above the selected truncation level; accordingly, it is called either a negative or positive run [45] . Various statistical parameters concerning drought duration, severity, and intensity at different truncation levels are particularly useful for drought characterization. In runs theory, drought duration is expressed in years, months, weeks, or any other time period, during which a drought parameter is continuously below the critical level. Drought severity indicates a cumulative deficiency of a drought parameter below the critical level. Drought intensity is the average value of a drought parameter below the threshold level, which is measured as the drought severity divided by the duration. In this study, we estimated drought duration, severity, and intensity using runs theory and time series SPI and SPEI from 1981 to 2100. 
Analysis of Severity, Duration, and Intensity of Time Series SPI and SPEI Using Runs Theory
Drought characteristics include various drought conditions, such as duration, severity, and intensity [49] . A probabilistic methodology widely-used in drought characterization is the theory of runs proposed in Yevjevich [50] , which estimates the return periods of extreme events [51] . We applied the runs theory to analyze drought characteristics based on the SPI and SPEI. Figure 2 shows drought characteristics using the runs theory for a given threshold level. A run is defined as a portion of time series of a drought variable, in which all values are either below or above the selected truncation level; accordingly, it is called either a negative or positive run [45] . Various statistical parameters concerning drought duration, severity, and intensity at different truncation levels are particularly useful for drought characterization. In runs theory, drought duration is expressed in years, months, weeks, or any other time period, during which a drought parameter is continuously below the critical level. Drought severity indicates a cumulative deficiency of a drought parameter below the critical level. Drought intensity is the average value of a drought parameter below the threshold level, which is measured as the drought severity divided by the duration. In this study, we estimated drought duration, severity, and intensity using runs theory and time series SPI and SPEI from 1981 to 2100. 
Results
Downscaled Climate Data under RCP 4.5 Scenario Using the Monthly Bias Correction
We conducted bias correction using local climate data, and generated downscaled climate data for the five meteorological stations for the period from 1981 to 2005. Figure 3 shows the observed monthly precipitation and simulated data before and after applying monthly bias corrections at each 
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Downscaled Climate Data under RCP 4.5 Scenario Using the Monthly Bias Correction
We conducted bias correction using local climate data, and generated downscaled climate data for the five meteorological stations for the period from 1981 to 2005. Figure 3 shows the observed monthly precipitation and simulated data before and after applying monthly bias corrections at each station. The downscaled monthly precipitation after bias correction better matched the observed data, even though the latter indicated a slightly lower value. The simulated monthly precipitation from GCM showed larger values than the observed data, and the downscaled process with monthly bias corrections rendered a simulated monthly precipitation similar to the observed monthly precipitation at all stations. The drought season typically falls during April in North Korea, and the precipitation in April shows a significant correction with the monthly bias correction. These results indicated that the monthly bias correction was suitable for the downscaling of the climate data from the GCM. We applied the monthly bias correction to the future climate data from the GCM and generated reasonable climate data for future seasons.
Water 2017, 9, 579 7 of 18 station. The downscaled monthly precipitation after bias correction better matched the observed data, even though the latter indicated a slightly lower value. The simulated monthly precipitation from GCM showed larger values than the observed data, and the downscaled process with monthly bias corrections rendered a simulated monthly precipitation similar to the observed monthly precipitation at all stations. The drought season typically falls during April in North Korea, and the precipitation in April shows a significant correction with the monthly bias correction. These results indicated that the monthly bias correction was suitable for the downscaling of the climate data from the GCM. We applied the monthly bias correction to the future climate data from the GCM and generated reasonable climate data for future seasons. 
Estimation of Multiple Timescale SPI and SPEI for 1981-2100
Multiple timescale SPI and SPEI were computed using both observed climate data from 1981 to 2010 and simulated climate data based on the RCP 4.5 scenario from 2011 to 2100 simultaneously (Figures 4 and 5) . The SPIs decreased in the near future compared to other periods; however, SPEI was at its lowest in the distant future. More explicitly, given the same climate situation, a difference between SPI and SPEI was generated, thus we need to analyze this difference to understand and cope with future drought. In this study, we estimated conditional probabilities of SPI and SPEI, which were used to measure the probability of a given event when another particular event has occurred. Given two events, A and B, from the sigma-field of a probability space with P(B) > 0, the conditional probability of A given B is defined as the quotient of the probability of both events A and B and the probability of B.
The conditional probability of the one, three, and six-month SPI (or SPEI) given an SPEI (or SPI) 
The conditional probability of the one, three, and six-month SPI (or SPEI) given an SPEI (or SPI) was measured from 1995 to 2085, as shown in Table 3 . We set −1.0 for SPI and SPEI as the threshold value for the drought condition; therefore, drought events (A and B) were assumed from the probability of SPI (<−1.0) and SPEI (<−1.0). We also calculated the conditional probability of SPI (<−1.0) (or SPEI) given by SPEI (<−1.0) (or SPI) to analyze the impact of climate change on the relationship between SPI and SPEI. The condition where, in 1995, the one-month SPEI was below −1.0 and the probability of 1-month SPI was below −1.0 resulted in a P(A|B) of 0.99. This indicates that all droughts identified using the SPEI were also identified as droughts with the SPI. In contrast, the P(B|A) for 1-month SPI and SPEI was 0.47 in 1995. These results indicate that SPI could also detect a drought condition that was identified with SPEI within the same historical period; however, climate change could reverse the relationship between SPI and SPEI in the future. The P(A|B) of one-month SPI and SPEI dropped to 0.72 in 2085s, and dropped more significantly to 0.54 for medium-term drought. In contrast, the P(B|A) increased in future seasons; for the one-month SPI and SPEI, it increased to 0.95 in 2085. Table 3 . Conditional probability of multiple timescale SPI (A) and SPEI (B). Note: * The drought events (A and B) are the probability of SPI (<−1.0) and SPEI (<−1.0).
Conditional Probability
The variation and frequency of SPI could also be a primary factor in evaluating drought conditions; therefore, we created a box graph to identify the statistical variation in SPI. Figure 6 shows Table 3 . Conditional probability of multiple timescale SPI (A) and SPEI (B). The condition where, in 1995, the one-month SPEI was below −1.0 and the probability of 1-month SPI was below −1.0 resulted in a P(A|B) of 0.99. This indicates that all droughts identified using the SPEI were also identified as droughts with the SPI. In contrast, the P(B|A) for 1-month SPI and SPEI was 0.47 in 1995. These results indicate that SPI could also detect a drought condition that was identified with SPEI within the same historical period; however, climate change could reverse the relationship between SPI and SPEI in the future. The P(A|B) of one-month SPI and SPEI dropped to 0.72 in 2085s, and dropped more significantly to 0.54 for medium-term drought. In contrast, the P(B|A) increased in future seasons; for the one-month SPI and SPEI, it increased to 0.95 in 2085.
The variation and frequency of SPI could also be a primary factor in evaluating drought conditions; therefore, we created a box graph to identify the statistical variation in SPI. Figure 6 shows the boxplot of the multiple timescale SPIs and SPEIs in each period, indicating that climate change could increase the fluctuation in the interquartile range (IQR) for multiple timescale SPIs in 2085. In particular, the six-month SPI showed a significant change in IQR from 1995 to 2085. In addition, the lowest datum within 1.5 of the lower quartile decreased, indicating that the probability of occurrence of severe drought increases with climate change. The boxplot of SPEI indicates that climate change has an impact on drought. The IQR of one-month SPEI broadened for future seasons, with a decrease in the median value of SPEI. In addition, the lowest datum of the one-month SPEI decreases in the future, which means a more severe drought condition. However, the lowest datum of one-month SPEI will not change dramatically. In contrast, the six-month IQR fluctuated between time periods, and the lowest datum significantly decreased in 2085. The boxplot for SPEI indicated that the seasonal drought condition could be more influenced by climate change in both short and medium-term droughts. In particular, the six-month SPI showed a significant change in IQR from 1995 to 2085. In addition, the lowest datum within 1.5 of the lower quartile decreased, indicating that the probability of occurrence of severe drought increases with climate change. The boxplot of SPEI indicates that climate change has an impact on drought. The IQR of one-month SPEI broadened for future seasons, with a decrease in the median value of SPEI. In addition, the lowest datum of the one-month SPEI decreases in the future, which means a more severe drought condition. However, the lowest datum of one-month SPEI will not change dramatically. In contrast, the six-month IQR fluctuated between time periods, and the lowest datum significantly decreased in 2085. The boxplot for SPEI indicated that the seasonal drought condition could be more influenced by climate change in both short and medium-term droughts. Figures 7 and 8 . The average one-month SPI in 1995 was higher than 0, except for May, but a significant decrease in the one-month SPI was identified from April to September in 2025. This result indicates that the monthly precipitation decreased in 2025 due to climate change, and a drought condition might be severe in any season from April to September. However, the one-month SPI in 2055 increased when compared to 1995; for example, only January, September, and November showed a negative one-month SPI. In 2085, low precipitation occurred fairly often in comparison to 2055, and the annual one-month SPI reached −0.04. For 2025, the medium-term drought could be worse than the short-term drought, according to the three and six-month SPIs. In 2025, the annual three-month SPI was −0.24, and the lowest three-month SPI was observed in July (−0.51) during the general crop growth season. In addition, the six-month SPI decreased to −0.36 in 2025, with a negative SPI each month. These results could indicate that climate change has a more significant effect on medium-term drought than on short-term drought.
2055 increased when compared to 1995; for example, only January, September, and November showed a negative one-month SPI. In 2085, low precipitation occurred fairly often in comparison to 2055, and the annual one-month SPI reached −0.04. For 2025, the medium-term drought could be worse than the short-term drought, according to the three and six-month SPIs. In 2025, the annual three-month SPI was −0.24, and the lowest three-month SPI was observed in July (−0.51) during the general crop growth season. In addition, the six-month SPI decreased to −0.36 in 2025, with a negative SPI each month. These results could indicate that climate change has a more significant effect on medium-term drought than on short-term drought.
The SPEIs showed slightly different values than the SPIs. The annual one-month SPEI decreased significantly from 1995 to 2025, except for January; for example, the mean SPEI in July was 0.38 in 1995 and dropped to −0.33 in 2025. The largest decrease in the SPEI occurred in late spring and early summer. These seasons are important for rice growth, thus climate change might result in a decrease in crop products due to droughts in the spring and summer. In addition, a large decrease was shown in the one-month SPEI from September to November in 2085, which indicates a decrease in the fall season, and thus the fall drought could worsen in the future. The three and six-month SPEIs, which are related to the medium-term drought, exhibited a decrease in the mean SPEI that is more significant than that for the one-month SPEI. For example, the annual one-month SPEI in 2025 was calculated as −0.04, but the annual three and six-month SPEIs were −0.13 and −0.22, respectively, in 2025. The annual six-month SPEI dropped to −0.38 in 2085 and was the smallest SPEI for all timescales. The smallest SPI was found in the summer season in 2025, but the smallest SPEI was found in the summer and fall seasons in 2085. However, both indices indicated that the medium-term drought conditions would be worse than the short-term drought conditions in the future. The SPEIs showed slightly different values than the SPIs. The annual one-month SPEI decreased significantly from 1995 to 2025, except for January; for example, the mean SPEI in July was 0.38 in 1995 and dropped to −0.33 in 2025. The largest decrease in the SPEI occurred in late spring and early summer. These seasons are important for rice growth, thus climate change might result in a decrease in crop products due to droughts in the spring and summer. In addition, a large decrease was shown in the one-month SPEI from September to November in 2085, which indicates a decrease in the fall season, and thus the fall drought could worsen in the future. The three and six-month SPEIs, which are related to the medium-term drought, exhibited a decrease in the mean SPEI that is more significant than that for the one-month SPEI. For example, the annual one-month SPEI in 2025 was calculated as −0.04, but the annual three and six-month SPEIs were −0.13 and −0.22, respectively, in 2025. The annual six-month SPEI dropped to −0.38 in 2085 and was the smallest SPEI for all timescales. The smallest SPI was found in the summer season in 2025, but the smallest SPEI was found in the summer and fall seasons in 2085. However, both indices indicated that the medium-term drought conditions would be worse than the short-term drought conditions in the future. 
Analysis of Non-Exceedance Probability and Return Period of Seasonal SPI and SPEI
In the Korean peninsula, the meteorological characteristics are classified into four three-month seasons: winter (December-February: DJF), spring (March-May: MAM), summer (June-August: JJA), and fall (September-November: SON). Therefore, each season has different drought conditions, and the impacts of climate change on drought frequency and severity are related to the probability of drought events. In this study, we calculated the SPIs and SPEIs of each season from the SPI and SPEI for all periods, and computed the cumulative curves of the one, three, and six-month SPI and SPEI. In addition, the non-exceedance probability for drought indices below −1.0 was calculated in each season ( Table 4) .
The non-exceedance probability was 8.9% for the DJF season in 2025 for the one-month SPI below −1.0, but it increased to 20.0% for the six-month SPI below −1.0. In addition, for the JJA season with intensive rain, the non-exceedance probabilities of the six-month SPI below −1.0 in 1995, 2025, and 2055 were greater than those of the one-month SPI, except for 2085. The non-exceedance probability of the three-month SPI below −1.0 was 7.8% for the JJA season in 1995, increasing to 15.6% in 2085. The non-exceedance probability was 6.7% for the six-month SPI below −1.0 for the SON season in 1995, which increased to 31.1% in 2025. These results might indicate that the medium-term drought for DJF, JJA, and SON due to climate change will be more severe than the short-term drought. However, for the MAM season, the non-exceedance probability for the six-month SPI below −1.0 was smaller than that for the one-month SPI. This indicates that, during the MAM season, climate change could affect short-term drought more than medium-term drought.
The non-exceedance probability for the six-month SPEI in the DJF season below −1.0 significantly increased to 33.3% in the 1995-2085 periods, unlike for SPI (16.7%). In the MAM season, the nonexceedance probability for the one-month SPEI below −1.0 was only 1.1% in 1995 but increased to 14.4% in 2025, then increased further in 2085 with a 24.4% non-exceedance probability. For the JJA season, the non-exceedance probability for the one-month SPEI below −1.0 increased from 2.2% to 31.1% in the 1995 and 2085 periods. The one-month and six-month SPEIs differed from those for SPIs, showing a small non-exceedance probability in the JJA season. The largest non-exceedance 
The non-exceedance probability was 8.9% for the DJF season in 2025 for the one-month SPI below −1.0, but it increased to 20.0% for the six-month SPI below −1.0. In addition, for the JJA season with intensive rain, the non-exceedance probabilities of the six-month SPI below −1.0 in 1995, 2025, and 2055 were greater than those of the one-month SPI, except for 2085. The non-exceedance probability of the three-month SPI below −1.0 was 7.8% for the JJA season in 1995, increasing to 15.6% in 2085. The non-exceedance probability was 6.7% for the six-month SPI below −1.0 for the SON season in 1995, which increased to 31.1% in 2025. These results might indicate that the medium-term drought for DJF, JJA, and SON due to climate change will be more severe than the short-term drought. However, for the MAM season, the non-exceedance probability for the six-month SPI below −1.0 was smaller than that for the one-month SPI. This indicates that, during the MAM season, climate change could affect short-term drought more than medium-term drought. The non-exceedance probability for the six-month SPEI in the DJF season below −1.0 significantly increased to 33.3% in the 1995-2085 periods, unlike for SPI (16.7%). In the MAM season, the non-exceedance probability for the one-month SPEI below −1.0 was only 1.1% in 1995 but increased to 14.4% in 2025, then increased further in 2085 with a 24.4% non-exceedance probability. For the JJA season, the non-exceedance probability for the one-month SPEI below −1.0 increased from 2.2% to 31.1% in the 1995 and 2085 periods. The one-month and six-month SPEIs differed from those for SPIs, showing a small non-exceedance probability in the JJA season. The largest non-exceedance probability for an SPEI below −1.0 was in the SON season in 2085, 38.9% and 32.2% in the one-month and six-month SPEI, respectively. Climate change might result in severe droughts during the JJA and SON seasons from 1995 to 2085. Furthermore, the medium-term severe drought could be worse for DJF in all periods and for the SON season in 2025.
In the Korean peninsula, agricultural reservoirs are regarded as the main water resources for irrigation, and are constructed to cope with a drought for a ten-year return period [52] . In addition, the one-month SPI and SPEI can be closely related to meteorological drought types, short-term soil moisture, and crop stress, especially during the growing season. Therefore, the one-month SPI and SPEI for a ten-year return period were calculated using frequency analysis to analyze changes in severe drought due to climate change. Figure 9 shows the contour lines of the one-month SPI for a ten-year return period and indicates that the drought with a ten-year return period might worsen in the future. In 1995, the SPI for a ten-year return period ranged from −1.1 to −1.24; the southern area showed smaller values, which indicates a more serious drought. However, the spatial distribution of the SPI for a ten-year return period in 2025 was similar for the western and eastern areas, and the drought of the ten-year return period in the western area (−1.20) was more severe than in the eastern area (−1.29) in 2025. In 2055, the SPI for a ten-year return period was distributed vertically, and the contour line was similar to that in 1995. The minimum value of the SPI for a ten-year return period was in the southern area (−1.25), which was smaller than in the northern area (−1.17). These results indicate that the southern area is at a higher risk of drought than the northern area. However, the contour line of the SPI for a ten-year return period in 2085 had a horizontal distribution, with the lowest value in the western area (−1.32) and southeastern area (−1.32).
between the north and south. In 2085, the SPEI for a ten-year return period reached the lowest value and varied horizontally from the southern to northwestern area. Figure 10 shows that SPEI for a tenyear return period dropped to −1.62 in the northwestern area. In addition, the SPEI for a ten-year return period in the entire study area was distributed from −1.43 to −1.62 in 2085, indicating that severe drought could occur more frequently in 2085 than in the previous seasons. Figure 10 shows the contour lines of a one-month SPEI for a ten-year return period. In 1995, the SPEI for a ten-year return period varied from −0.6 to −0.9, and the drought was more severe in the southern area than the northern area according to the SPEI contour lines for a ten-year return period. In addition, the SPEI for a ten-year return period decreased to −1.18 in 2025 and the southern and western areas showed the lowest SPEI. The distribution in the southern area remained similar from 1995 to 2025, but the drought conditions became more severe. However, the spatial distribution of SPEI for a ten-year return period changed in 2055. In the previous time period, the drought severity based on the SPEI for a ten-year return period was distributed horizontally from north to south but showed a vertical distribution in 2055. For example, the SPEI for a ten-year return period in the eastern area was −1.24 and decreased to −1.34 in the western area, while there was little change between the north and south. In 2085, the SPEI for a ten-year return period reached the lowest value and varied horizontally from the southern to northwestern area. Figure 10 shows that SPEI for a ten-year return period dropped to −1.62 in the northwestern area. In addition, the SPEI for a ten-year return period in the entire study area was distributed from −1.43 to −1.62 in 2085, indicating that severe drought could occur more frequently in 2085 than in the previous seasons. 
Assessment of Drought Severity, Duration, and Intensity through Applying Time Series SPI and SPEI
Drought characteristics include severity, duration, and intensity. Therefore, we applied multiple timescale SPIs and SPEIs to runs theory, and analyzed the changes in drought severity, duration, and intensity under climate change. Table 5 shows these characteristics using the threshold value (SPI and SPEI = −1). Drought severity increases due to climate change from 1995 to 2085. The SPIs indicated that the severity of one-month drought in a future season could be greater than that of the six-month drought; however, SPEI showed the opposite results. In particular, drought severity identified with the one-month SPEI in 2085 was nine times greater than in 1995. Therefore, climate change could cause more severe and frequent droughts in the future. In addition, the duration of drought could increase in the future. In 1995, the number of months when the one-month SPI was below −1.0 was 33, which increased to 74 in 2085. SPEI also showed a similar trend in drought duration from 1995 to 2085.
Based on severity and duration, the intensity of drought was analyzed. The droughts identified with SPIs in 1995 were less intense than that in 2085, implying that climate change will intensify drought in the future; in particular, short-term drought will be more influenced by climate change. A comparison of the drought intensities identified with the six-month SPI in 1995 and 2085 showed a difference of 0.01. The drought intensity identified using SPEIs showed that the intensity of both short and medium-term drought would be strongly affected by climate change. For example, the drought intensities identified with the one and six-month SPEIs in 1995 were 1.21 and 1.24, respectively, reaching 1.39 and 1.37 in 2085, respectively. Table 5 . Drought severity, duration, and intensity using the one, three, and six-month SPI and SPEI. 3.5. Assessment of Drought Severity, Duration, and Intensity through Applying Time Series SPI and SPEI Drought characteristics include severity, duration, and intensity. Therefore, we applied multiple timescale SPIs and SPEIs to runs theory, and analyzed the changes in drought severity, duration, and intensity under climate change. Table 5 shows these characteristics using the threshold value (SPI and SPEI = −1). Drought severity increases due to climate change from 1995 to 2085. The SPIs indicated that the severity of one-month drought in a future season could be greater than that of the six-month drought; however, SPEI showed the opposite results. In particular, drought severity identified with the one-month SPEI in 2085 was nine times greater than in 1995. Therefore, climate change could cause more severe and frequent droughts in the future. In addition, the duration of drought could increase in the future. In 1995, the number of months when the one-month SPI was below −1.0 was 33, which increased to 74 in 2085. SPEI also showed a similar trend in drought duration from 1995 to 2085.
Based on severity and duration, the intensity of drought was analyzed. The droughts identified with SPIs in 1995 were less intense than that in 2085, implying that climate change will intensify drought in the future; in particular, short-term drought will be more influenced by climate change. A comparison of the drought intensities identified with the six-month SPI in 1995 and 2085 showed a difference of 0.01. The drought intensity identified using SPEIs showed that the intensity of both short and medium-term drought would be strongly affected by climate change. For example, the drought intensities identified with the one and six-month SPEIs in 1995 were 1.21 and 1.24, respectively, reaching 1.39 and 1.37 in 2085, respectively. 
Conclusions
Climate change is regarded as a future threat that is expected to influence severe drought. North Korea is suffering from famine and is vulnerable to the effects of drought; therefore, changes in drought characteristics could be catastrophic. In this study, the impact of climate change on drought characteristics in the Hwanghae province, which is a significant food source in North Korea, was evaluated using two drought indices, SPI and SPEI. These indices were applied with one, three, and six-month lag times; short and medium-term drought conditions were thus evaluated using multiple timescales. Future climate data were based on the RCP 4.5 scenario and downscaled using a monthly bias correction. Both SPI and SPEI indicated that the medium-term drought conditions will be more severe than the short-term drought conditions in the future.
In addition, we focused on the frequency of seasonal drought, thus the non-exceedance probability for SPIs and SPEIs below −1.0 was calculated in the four seasons from spring to winter. According to the non-exceedance probability for SPIs below −1.0, the medium-term drought in DJF, JJA, and SON will be more severe than the short-term drought due to climate change. However, the medium-term drought during the MAM seasons will be affected less by climate change than the short-term drought. According to the non-exceedance probability for SPEIs below −1.0, climate change might result in severe droughts during the JJA and SON seasons from 1995 to 2085. The medium-term severe drought might be worse for the DJF season in all periods and for the SON season in 2025.
Based on the SPI and SPEI time series, the drought severity, duration, and intensity were analyzed using runs theory. Drought severity increased due to climate change from 1995 to 2085. SPIs showed that the severity of one-month droughts in future seasons will be greater than that of six-month droughts; however, SPEI showed opposite results. In particular, drought severity identified for one-month SPEI in 2085 will be nine times greater than that in 1995. Therefore, in addition to causing more severe and frequent drought, climate change will also bring longer durations of droughts. The intensity of drought was analyzed based on severity and duration. The drought identified by SPIs in 1995 was less intensive than that predicted for 2085, implying that climate change will intensify drought in the future; in particular, short-term drought will be more influenced by climate change. The drought intensity identified using SPEIs showed that the intensity of both short-and medium-term drought will be strongly affected by climate change.
These results are strongly dependent on simulations from only one set of climate change data; there are therefore limitations due to the uncertainty in various climate change scenarios. However, this study shows that North Korea will be exposed to significant drought due to climate change. Therefore, global nations, including South Korea, should pay close attention to the severe problems of food deficiency due to drought in the future.
